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osting by EAbstract Mass-event activities attracting a large number of people become important in promot-
ing the culture of a city. The organization of a mass event requires a detailed plan of trafﬁc control
and evaluation of transport accessibility, but the design of the plan is usually empirical and received
little attention in the literature. In this paper, we study a problem of origin–destination (OD) matrix
estimation for the duration of mass event. The OD matrices are an important input in the transpor-
tation network analysis, but they are usually difﬁcult and costly to obtain from survey or interviews.
A two-stage procedure is proposed to estimate the OD demand matrices during the event using link
trafﬁc counts. The Macau Grand Prix motor-racing event organized annually is investigated as a
case study to illustrate the performances of the model.
ª 2011 King Saud University. Production and hosting by Elsevier B.V. All rights reserved.1. Introduction
Mass-event activities attracting a large number of people be-
come important in promoting the culture of a city. Such special
events can be very large scale from international events such as
Olympic Games to a local scale such as concert and festival
parade. During the activity, the transport accessibility, such(0)3 5131219; fax: +886 (0)3
.tw (K.I. Wong).
y. Production and hosting by
Saud University.
lsevieras provisions of public transport and parking spaces are some
of the primary concerns to the successfulness of the event.
Limited accesses of the peripheral roads to the venue by pri-
vate cars are typical strategies in controlling the trafﬁc. In
practice, the problem would be very dissimilar in different
events and cities, and the solutions are usually experience-
based.
The trafﬁc planning for mass events is usually empirical and
this topic received little attention in the literature. For one rea-
son, most of the events are once-off (e.g. Olympic for a few
weeks), which makes the experience non-transferable and the
solution coped with the local knowledge of the city. Federal
Highway Administration (2003) of the US Department of
Transportation has released a handbook designed to provide
some guidance and has recommended practices for the man-
agement of travel associated with planned special events. The
policies, regulations, impact mitigation strategies and technol-
ogies used in advanced applications for managing the travel of
planned events were discussed, and a summary version of
the updated report is given in Dunn (2007). The report
Table 1 Notations and deﬁnitions of variables.
i 2 I Set of origin zones in the network
j 2 J Set of destination zones in the network
a 2 A Set of links in the network for normal day
a 2 A
_
Set of links in the network for special event
a 2 A0 Set of observed links in the network for normal day,
with A0 2 A
a 2 A0
_
Set of observed links in the network for special event,
with A0
_
2 A
_
m 2M Set of vehicle modes in the network,M= {c, mc} with
c for car and mc for motorcycle
w 2W Set of origin–destination zone pair, and w= (i, j) for
an ordered pair of origin zone i to destination zone j
qmw Prior trip demand obtained from household survey for
OD pair w and vehicle class m, with the set
qm ¼ qmw ; 8w 2 W
 
qmw Estimated trip demand for OD pair w and vehicle class
m, with the set qm ¼ qmw ; 8w 2 W
 
xma Observed link ﬂows of link a for vehicle class m during
normal day, with the set xm ¼ xma ; 8a 2 A0
 
xma Observed link ﬂows of link a for vehicle class m during
the special event, with the set xm ¼ xma ; 8a 2 A0
_
 
xma Modeled link ﬂows of link a for vehicle class m, with
the set xm ¼ xma ; 8a 2 A
 
jm Passenger car equivalence for vehicle class m, and it is
assumed that jm=c = 1.0 and jm=mc = 0.4
pmaw Link choice proportions that measures the ratio of trip
demand of OD pair w for vehicle class m passing
through link a, with the set
pm ¼ pmaw; 8w 2 W; a 2 A
 
282 K.I. Wong, S.-A. Yurecommended that a general feasibility study analysis should
include the following steps: travel forecast, market area
analysis, parking demand analysis, travel demand analysis,
roadway capacity analysis and mitigation of impacts.
The city of Macau Special Administrative Region, China is
a famous tourist city with over 20 million visitors in a year.
Since 1967, one of the annual attracting activities for tourists
is the Macau Formula three Grand Prix (GP) motor-racing
held every November. It is well known for its street racing cir-
cuit ‘‘Guia Circuit’’ in the city, which is located at the southeast
region of the Macau peninsula enveloping some buildings,
such as hotels and resorts, schools, ofﬁces, residential build-
ings, and ferry terminal. During the periods of the event, it re-
quires trafﬁc management and control measures, such as
temporal closure of some roads and parking spaces, and there-
fore, access of vehicle trafﬁc to and from the area is restricted.
There are huge impacts to the level of service of the road net-
work and inconvenience to the local residents. A transporta-
tion network analysis approach is proposed in this study to
address this issue. This addresses the guidelines in Dunn
(2007), which suggested that a study analysis requires the iden-
tiﬁcation of background trafﬁc ﬂows and capacity constraints
of the network.
In the analysis of transportation network, the ﬂow pattern
in an urban network can be viewed as a result of equilibrium
between transportation demand and supply. Users of the sys-
tem travel with a route selection to minimize their disutility
(i.e. travel cost) associated with transportation. This disutility
is not ﬁxed but depends on the usage of the system, which is a
result of the behavior of other users, such as route switching.
Equilibrium analysis to this problem was proposed since the
seminal works of Wardrop (1952) who investigated the nature
and properties of equilibrium in models of congested net-
works. Extensions and solution algorithms for the trafﬁc
assignment problem were given by Shefﬁ (1985).
The travel demand matrix is an important input in the traf-
ﬁc assignment problem. Traditional method to collect the OD
information can make use of survey or direct measurement to
record the travel characteristics of individuals, which is gener-
ally difﬁcult and costly. An alternative approach is to estimate
the OD matrix by using the observed trafﬁc counts on links
(Van Zuylen and Willumsen, 1980). As a reverse problem of
the trafﬁc assignment, the OD matrix estimation problem aims
to ﬁnd a matrix that, when assigned to the network, repro-
duces the observations of link volumes. The OD matrix estima-
tion models can be broadly divided into trafﬁc modeling based
approaches and statistical inference based approaches (Wong
et al., 2005a). The former includes the minimum informa-
tion/entropy maximizing models and combined models for
trafﬁc planning (Van Zuylen and Willumsen, 1980; Bell,
1983), and the latter includes the maximum likelihood method
and generalized least squares method (Cascetta, 1984; Spiess,
1987; Bell, 1991; Lo et al., 1996; Yang et al., 1992). Most of
these studies assume a single vehicle class and the link choice
proportions are insensitive with the changes of the OD de-
mand. For congested network, formulations of the OD matrix
estimation problem have a bi-level structure (Yang, 1995), in
which the upper level sub-problem is the OD estimation mod-
el, whereas the lower level sub-problem updates the link choice
proportions by solving the trafﬁc assignment problem. With
the bi-level structure, it is possible to extend the estimation
process for the road network with multiple vehicle classes(Wong et al., 2005a) and public transport networks (Wong
et al., 2005b). In the trafﬁc assignment problem with multiple
vehicle classes, it generally processes multiple link ﬂow solu-
tions, and therefore, the internal inconsistency of trafﬁc vol-
umes among different vehicle class has to be detected by
separating the estimation process for each mode (Wong
et al., 2005a).
The objective of this study is to develop a methodology to
estimate the OD demand matrices during a mass-event activ-
ity. The estimated OD matrices can be useful to assist the traf-
ﬁc planning in deriving various control measures and its
evaluation of impact to the local network. A case study using
the Macau Grand Prix motor racing is used to demonstrate the
proposed methodology.
The paper is organized as follows. We ﬁrst introduce the
notations and model formulation of the OD estimation prob-
lem proposed in the paper. We then describe the solution algo-
rithm to estimate the OD matrices for the case of normal day,
and a two-stage procedure to obtain the OD demand matrices
for the special event. Finally, a case study of the Macau GP
event is presented with discussions.
2. Notations and deﬁnitions
Consider a network with a set of origin zones I and a set of
destination zones J. Denote an origin–destination pair,
w= (i, j), as an ordered pair of origin zone i to destination
zone j, and W is the set of OD zone pairs. Let M be the set
of vehicle modes in the network with M= {c, mc}, where
car (c) and motorcycle (mc) are considered in this study. Fur-
thermore, let A be the set of links in the network, and A0 2 A
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observed ﬂows for link a and vehicle class m for normal day,
and collectively we can deﬁne xm ¼ xma ; 8a 2 A0
 
as the set
of observed link ﬂows for vehicle m. Let qmw be the prior trip
demand (e.g. from household survey) to the problem for OD
pair w and vehicle class m, with the set notation
qm ¼ qmw ; 8w 2 W
 
. For the given set of prior OD matrices
and observed link counts, we can determine the corresponding
estimated OD matrices and qm ¼ qmw ; 8w 2 W
 
and modeled
link ﬂows xm ¼ xma ; 8a 2 A
 
.
The estimated matrices are assigned to the network in
accordance with the deterministic user-equilibrium trafﬁc
assignment for multiple vehicle classes. It is expected that
when these matrices are assigned to the network, the mod-
eled link ﬂows should be close to the observed values. In
the trafﬁc assignment, the link choice proportions pmaw that
measure the ratio of a trip demand qmw of OD pair w for
vehicle class m that would pass through link a are obtained.
Collectively we can deﬁne pm ¼ pmaw; 8w 2 W; a 2 A
 
as the
set of link choice proportions for vehicle mode m. The mod-
eled link ﬂows from the assignment under equilibrium can
be expressed asInitialization 
Estimation Process 
Equilibrium Assignment 
Evaluation and 
Convergence check 
OD estimation proce
for motorcycle mod
Estimated OD matr
of motorcycle
Modeled link flows and corr
link choice proportions of m
Prior OD m
of motocy
Observed link flows 
of motorcycle
Modeled link flows and corre
link choice proportions of m
Figure 1 Flowchart of a multiclass OD estxma ¼
X
w2W
pmawq
m
w ð1Þ
where xma is the modeled link ﬂows corresponding to the partic-
ular OD matrix under consideration. It is noted that in trafﬁc
assignment we adopted a separable link performance function,
i.e. the travel time of a link depends on the ﬂow on the link it-
self but no interaction with the other links. For the assignment
with multiple vehicle classes, the travel time of link a is a func-
tion of the weighted sum of link ﬂows for all vehicle classes,
and has the form ta ¼ t
P
m2Mj
mxma
 
, where ta is the travel
time of link a and jm is the passenger car equivalence for vehi-
cle class m. In this study, the Passenger Car Equivalents (PCE)
for car and motorcycle are assumed to be 1.0 and 0.4,
respectively.
For the case of special event, some of the links are closed
and the set of links are updated. Let A
_
be the set of links in
the network and A0
_
2 A
_
be the set of observed links during
the event. Similarly, we can deﬁne xma as the observed ﬂows
for link a and vehicle class m during the event, and collectively
xm ¼ xma ; 8a 2 A0
_
 
as the set of observed link ﬂows for vehi-
cle m. A list of notations and variables are given in Table 1.ss 
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284 K.I. Wong, S.-A. Yu3. Model formulation
With a prior OD matrix and observed link trafﬁc counts of se-
lected links, a typical estimation formulation based on the en-
tropy maximization is due to Van Zuylen and Willumsen
(1980). For each vehicle class m, the model formulation can
be described in the following maximization problem:
Maximize
qm ;xm
Zm ¼ Eðqm; qmÞ þ Eðxm; xmÞ ð2Þ
subject to
xma ¼
X
w2W
pmawq
m
w ð3Þ
where
Eðqm; qmÞ ¼ 
X
w2W
qmw ln
qmw
qmw
 qmw
 
ð4Þ
Eðxm; xmÞ ¼ 
X
a2A0
xma ln
xma
xma
 xma
 
ð5Þ
The entropy function in the objective function in Eq. (2) mea-
sures the discrepancies between the estimated OD matrices and
prior OD in Eq. (4) and the discrepancies between the modeled
link ﬂows and the associated observed values in Eq. (5). The
model can also be extended by giving different weighting fac-
tors on Eqs. (4) and (5) to specify the level of accuracy of
the observed data.
In this study, the transportation planning software package
VISUM (PTV, 2009) is used for network modeling and trafﬁc
assignment, and the build in function TFlowFuzzy is adopted
for the OD estimation process. The TFlowFuzzy procedure
extends the above entropy maximization formulation by
applying a set of upper and lower bounds on the link ﬂows,
considering that the measurements of trafﬁc counts are subject
to error and stochasticity in nature. Fuzzy is introduced with a
membership function to deﬁne the bandwidth and probabilityObserved link flows 
for normal day
OD
Esti
ODObserved link flows 
during GP event
Esti
Figure 2 A two-stage estimation procefor which the modeled link ﬂows would deviate from the mea-
surements, and therefore, a better estimation of the OD matri-
ces for the entropy evaluation function can be determined (see
Friedrich et al., 2000). The formulation with fuzzy approach
for a vehicle class m is given in the following maximization
problem:
Maximize
qm;sm ;sm
Z ¼ Eðqm; qmÞ þ EðsmÞ þ EðsmÞ ð6Þ
subject to
pm  qm þ sm ¼ vm ð7Þ
pm  qm  sm ¼ vm ð8Þ
sm; sm P 0 ð9Þ
where
EðsmÞ ¼ 
X
a
sma ln
sma
^sma
 sma
 
ð10Þ
EðsmÞ ¼ 
X
a
sma ln
sma
s^ma
 sma
 
ð11Þ
In the above model, vm and vm are the maximum and minimum
of the fuzzy set, and sm and sm are the corresponding sets of
slack variables. The upper bandwidth for trafﬁc count can be
determined as ^sm ¼ vm  xm and the lower bandwidth as
s^m ¼ vm  xm, which represent the acceptable upper and lower
bounds that the modeled link ﬂow in equilibrium
xm = pm Æ qm, deviating from the observed values. As com-
pared to the entropy term in Eq. (5), which measures the good-
ness-of-ﬁt for the modeled and observed link ﬂows, Eqs. (10)
and (11) in this formulation allow for the error in measurement
with a set of bounds. The above formulation considers a single
vehicle class and assumes that the link choice proportions are
insensitive to the change of demand matrix. In the following
section, an iterative solution algorithm is proposed to derive
for the case of multiple vehicle classes. estimation process 
for normal day
mated OD matrices 
and link flows 
for normal day  
Prior OD matrices 
for normal day
 estimation process 
for GP event
mated OD matrices 
and link flows 
for GP event
dure for the GP event OD matrices.
Figure 3 The map of Macau, showing the Macau peninsula,
Taipa island and Coloane island.
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4.1. Algorithm for the OD estimation problem
In this section, we will present a simultaneous optimization pro-
cedure for theODestimation problemwithmultiple vehicle clas-
ses. It solves the maximization model presented in the previous
section as well as the network equilibrium model in an iterative
manner. The purpose of the iteration is to update the link choice
proportions in the trafﬁc assignment, which are assumed to be
constants in the formulation Eqs. (6)–(10). It also allows for
the extension for the case ofmultiple vehicle classes and develop-
ment of solution procedures for large-scale problems (Wong
et al., 2005a). The connections between the vehicle modes in
the network are their interactions when sharing the same road
network with trafﬁc congestion. The amount of link ﬂow of a
vehicle mode would affect the link travel time and thus the link
choices of the other modes, and a multiclass trafﬁc assignment
have to be embedded in the procedure. The steps of the algo-
rithm are as follows using the notations of variables for the nor-
mal day estimation. The ﬂow of the overall process is also
illustrated in Fig. 1.
4.1.1. Step 1. Initialization
Set iteration number i= 1. Obtain the initial link choice pro-
portions pm, "m 2M by assigning the prior trip matrices
qm; 8m 2 M onto the network with the multiclass user-equilib-
rium trafﬁc assignment problem.
4.1.2. Step 2. Estimation process
For each vehicle class m 2M, solve the maximization problem
deﬁned in Eqs. (6)–(10) for given prior OD matrix qm, observed
link ﬂows xm and link choice proportions pm to obtain the esti-
mated OD matrix qm. The objective of the maximization prob-
lem is to minimize the discrepancies between the observed link
ﬂows and modeled values obtained by assigning the estimated
OD to the network with the given link choice proportions. The
entropy maximization problem with fuzzy concept was solved
with the build-in function TFlowFuzzy in VISUM.
4.1.3. Step 3. Equilibrium assignment
With the estimated OD matrices qm, "m 2M, solve the multi-
class user-equilibrium trafﬁc assignment problem. That would
obtain the auxiliary equilibrium link ﬂows xm, "m 2M and
update the link choice proportions pm, "m 2M. Solution
algorithms for the trafﬁc assignment problem can be found
in Shefﬁ (1985) and Van Vliet et al. (1986).
4.1.4. Step 4. Convergence check and evaluation
The solution has converged if the change of link ﬂows over iter-
ations iswithin an acceptable error, or if the iteration number ex-
ceeds a certain preset threshold, then stops; otherwise set
i= i+ 1and go to Step 2. The goodness-of-ﬁt of the estimation
can be evaluated using measurement such as Relative Root
Mean Square Error (RRMSE) (to be described in Eq. (12) later).
4.2. Estimation procedure for the mass event: A two-stage
procedure
The travel demand and, therefore, the trafﬁc pattern in the
network during an event would be different from those inthe normal days for several reasons. The behavior of travelers
would change with the announced trafﬁc control schemes at
the roads near the racing track with limited access. The local
residents are familiar with these trafﬁc controls (such as the
temporal road closure) as the GP event is organized every year
(Han and Ho, 2010). On the other hand, these control mea-
sures are subject to update every year, and there is a need
for the event organizer to understand the corresponding
changes to the travel demand.
A constraint that prevents us from using the method for
normal day to estimate the situation of GP event is that it is
difﬁcult to perform a full scale survey during an event to col-
lect link trafﬁc counts in the network. Recall that the Macau
peninsula is the old town area with many local roads, currently
there are no vehicle detectors installed for the data collection
purposes. Under these conditions, the advancement one can
do with the model formulation is limited.
Therefore, we suggest a two-stage procedure. Stage-one is
to estimate the OD matrices for normal days with the algo-
rithm described above, using the observed trafﬁc counts during
normal day and the historical OD matrices from household
survey as the model input. In Stage-two, the demand matrices
during the GP event are estimated utilizing the estimated OD
matrices for normal days from Stage-one as the prior matrices.
The normal day trafﬁc counting should be representative to
the behavior of travelers and close to the event duration, like
Figure 4 Locations of observed stations for normal day.
286 K.I. Wong, S.-A. Yua pre-estimation of the OD matrices. If the OD information
from household surveys is used as the prior OD, the overall re-
sult could be inaccurate as this OD demand is not adjusted
against the road trafﬁc, and we have only a limited number
of observations for the event period. It is expected that using
the estimated OD matrices for normal days as prior can im-
prove the estimation performance.
The ﬂow of the two-stage procedure is displayed in Fig. 2.
Each of the ‘‘OD estimation for normal day’’ in Stage-one and‘‘ODestimation forGP event’’ in Stage-two solves the algorithm
presented in Fig. 1. The Stage-one ‘‘OD estimation for normal
day’’ takes the household surveys data as priorODandobserved
link counts for normal day as the observation, and the output of
the process is the estimated ODmatrices andmodeled link ﬂows
for normal day. The Stage-two ‘‘OD estimation for GP event’’
uses the estimated OD for normal day as the prior OD demand
and the link trafﬁc counts during GP as the observations in the
estimation process. It can be solved with the analogous algo-
Estimation of origin–destination matrices for mass event: A case of Macau Grand Prix 287rithmpresented in the subsection above by replacing the variable
notations with the appropriate symbols for the special event.
5. Case study
Geographically, the city of Macau is composed of the Macau
peninsula, Taipa island and Coloane island, with a total area
of 29.2 km2 (see Fig. 3) and a population size of 544,600Figure 5 Locations of observed stations during GP event
(Macau peninsula).
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Figure 6 Comparison of the modeled and observed link ﬂows of p
procedure.(DSEC, 2010). The Macau peninsula and Taipa island are con-
nected by three bridges, whereas the area between the Taipa is-
land and Coloane island is now ﬁlled by land reclamation, now
known as the Cotai area. The city centre (and old town area) is
located at the Macau peninsula, with more than 86% of the
population residence. Therefore, there is a large amount of
trafﬁc between the Macau peninsula and Taipa island.
5.1. Data collection
The transportation network of Macau consists of 443 nodes
and 1340 links, and the area is divided into 23 zones for the
OD estimation procedure. The network is coded into VISUM
(PTV, 2009) for the network coding debug, parameter calibra-
tion and evaluation purposes. We collected the trafﬁc ﬂow
data at the morning peak period for normal day and during
the GP event. The normal day (ND) data were collected within
a week in October 2009, during which we executed a survey
measuring the trafﬁc ﬂow at each approach of the 36 intersec-
tions and 26 road segments along major arterials. The Grand
Prix (GP) data were collected from the 19th to 21st of Decem-
ber, 2009. Since the event period only lasted a few days, only
trafﬁc ﬂows at 8 intersections and 15 road segments were mea-
sured, with some selected locations dedicated to the boundary
of the racing circuit. During the week of the racing, the en-
trances at the boundary were closed by the event organization
at 3 a.m. and re-opened at 5:30 p.m. subject to the operational
schedule of the event, and the transportation network has to be
updated. In overall, we have 159 observed links for normal day
and 65 observed links during the GP event. The locations of
the observation stations are displayed in Figs. 4 and 5 for nor-
mal day and GP event, respectively. The historical OD matri-
ces used as the prior OD in the estimation process were
generated from a household trafﬁc characteristics survey
(DSAT, 2010; Wan et al., 2009). Although these matrices have
not been calibrated with a transport planning model, they are
useful as an initial input to the estimation process of this study.
To measure the goodness-of-ﬁt of the estimated link ﬂows
as compared to the observed link ﬂows, we use the Relative
Root Mean Square Error (RRMSE), which is calculated by00 2500 3000 3500 4000
ed values
Before (RRMSE = 62.2%)
After (RRMSE = 34.4%)
rivate cars for normal days before and after the trip estimation
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Figure 7 Comparison of the modeled and observed link ﬂows of motorcycles for normal days before and after the trip estimation
procedure.
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ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1
N
P
xma  xma
q
1
N
P
xma
 100% ð12Þ
where xma and x
m
a are the modeled and observed link ﬂow values
for vehicle class m, and N is the number of links in the
calculation.
5.2. Estimation result for normal day
To evaluate the performances of the trip matrix estimation pro-
cess, we compare themodeled link ﬂows against observed values
before and after the OD estimation. Themodeled link ﬂows that
correspond to the ‘‘before’’ analysis are obtained by assigning
the prior OD matrices to the network with multiclass trafﬁc
assignment, and the modeled link ﬂows of the ‘‘after’’ analysis
are obtained by assigning the estimated OD matrices to the
network.
For the case of normal day, Figs. 6 and 7 compared the
‘‘before’’ and ‘‘after’’ link ﬂows of selected links for private
cars and motorcycles, respectively. The result shows that the
modeled link ﬂow values after the estimation matches theTable 2 RRMSE before and after estimation for normal day
trafﬁc.
Vehicle mode RRMSE (%) before
estimation
RRMSE (%) after
estimation
Car 62.2 34.4
Motorcycle 56.8 38.4
Total 50.8 30.9
Table 3 RRMSE before and after estimation for trafﬁc during GP
Vehicle
mode
Using qm from household survey as pri
RRMSE (%) before
estimation
RRMSE (%
estimation
Car 64.7 25.6
Motorcycle 60.5 40.2
Total 55.0 27.2observed values better than the case before the estimation.
The ‘‘after’’ results have a smaller RRMSE values and are
much closer to the 45 line. The RRMSE values are also dis-
played in the ﬁgures and summarized in Table 2. It can be seen
that there are large reductions of discrepancies between the
modeled link ﬂows and the corresponding observed values
after the OD estimation process for both cases of private cars
and motorcycles, and the improvements are signiﬁcant.
5.3. Estimation result for GP event
To estimate the ODmatrices for the GP event, we make use of a
different set of prior OD matrices and evaluate the improve-
ments. Firstly, we investigate if the estimated OD matrices for
normal day can characterize the travel demand pattern during
the GP event better than the household survey OD. We assign
the OD from household survey qm into the GP network, and
the RRMSE errors of the observed link ﬂows during the event
and modeled link ﬂows are 64.7% and 60.5%, respectively, for
private cars and motorcycles. In contrast, the RRMSE errors
by assigning the estimated OD matrices for normal day to the
GP network are 45.8% and 56.0%, respectively, for private cars
and motorcycles. Therefore, it shows that using the estimated
OD matrices for normal day can better represent the travel de-
mand in the GP network. The results are shown in Table 3.
Next we estimate theODmatrices using estimatedODmatri-
ces for normal day as prior and observed link counts duringGP,
and the trafﬁc assignment is solved with the GP network, in
which some links are subject to temporal road closure. The
RRMSE of modeled link ﬂows after estimation are reduced to
24.3% and 38.6% for private cars and motorcycles trafﬁc,event using different prior OD matrices.
or OD Using estimated OD for normal day as prior OD
) after RRMSE (%) before
estimation
RRMSE (%) after
estimation
45.8 24.3
56.0 38.6
44.7 25.6
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eled linkﬂows showgoodmatchingwith theobserved trafﬁc pat-
tern. TheRRMSE errors are largely reduced as compared to the
case of before estimation. The ‘‘before’’ and ‘‘after’’ compari-
sons are shown in Fig. 8 for private car andFig. 9 formotorcycle
mode.
To see the changes of trafﬁc pattern during the mass event,
the ﬂow values on selected links with large variations between
normal day and GP event are shown in Figs. 10 and 11, respec-
tively. It can be observed that during GP there are large differ-
ences in the link ﬂows for those links leading to and from the
city centre, and the differences can be more than 30% as shown
by the details of the results. Such variations can be captured in
our analysis, and the ﬁndings can be useful for the trafﬁc planner
to evaluate and adjust their trafﬁc management arrangement.
5.4. Trip length distributions
To understand the change of travelers’ behavior during the
event, we analyze the trip length distributions of the OD matri-
ces. Fig. 12 illustrates and compares the trip length distribu-0
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Figure 8 Comparison of the modeled and observed link ﬂows of pri
procedure.tions of private car trips for normal day and GP event. The
trips were also separated considering the locations of the origin
and destination. For the two areas Macau peninsula (MP) and
Taipa and Coloane island (TCI), trips between MP and TCI
crossing the bridges are longer than the city trips. We consider
three types of trips, namely MP–MP for trips within MP, MP–
TCI for trips crossing the bridges and TCI–TCI for trips with-
in TCI. From Fig. 12(a), we can see that most MP–MP trips
within the city are within 4 km, with a maximum of 6 km.
Most of the MP–TCI trips are within the range of 7–10 km.
Fig. 12(b) is the distribution of private car trips during GP
event, for which we can see that the there is an increase in
the number of trips at the 4-km range (and a decrease for 3-
km trips), and the average trip length is increased. There were
also more MP–TCI trips during GP, but the TCI–TCI trips
were unaffected by the GP event. Similar comparisons of trip
length distribution for motorcycle trips are shown in Fig. 13,
and the differences between normal day and GP event are
insigniﬁcant. It is possibly because motorcycles have a higher
ﬂexibility in their route choices, and therefore, the motorcycle
trips are less sensitive to the changes in the network.00 2000 2500 3000
ed values
Before (RRMSE = 56.0%)
After (RRMSE = 38.6%)
torcycles during the GP event before and after the trip estimation
1500 2000 2500 3000
rved values
Before (RRMSE = 45.8%)
After (RRMSE = 24.3%)
vate cars during the GP event before and after the trip estimation
Figure 10 Flow values on selected links for normal day.
Figure 11 Flow values on selected links during GP event.
290 K.I. Wong, S.-A. Yu6. Concluding remarks
We have studied the problem of estimating the OD matrices of
a city area during a planned special event. A case study ofMacau Grand Prix motor-racing event is investigated. The
event is held annually in the streets of Macau city, which not
only attracts a lot of visitors, but also restricts the accessibility
of the transportation network for the residents. In the past, the
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Figure 12 Trip length distributions of private car trips between Macau peninsula (MP) and Taipa and Coloane island (TCI).
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Figure 13 Trip length distributions of motorcycle trips between Macau peninsula (MP) and Taipa and Coloane island (TCI).
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ernment departments based on their experiences, lacking any
scientiﬁc approach or tools in the evaluation of the measures.
In this paper, an OD matrices estimation procedure with
multiple vehicle classes is presented, in which the demand
matrices are assigned to the network with a multiclass deter-
ministic user-equilibrium trafﬁc assignment model. A simulta-
neous optimization process has been proposed to integrate the
entropy-based optimization model for the OD estimation and
the network equilibrium model, which is solved in an iterative
manner. While the entropy maximization model minimizes the
differences between the modeled and observed link ﬂows, the
network equilibrium model updates the link choice propor-
tions of each vehicle modes in the iteration.
For the case of mass event, the data availability is limited.
Therefore, we propose a two-stage procedure to estimate the
OD matrices for special event, making use of the estimated
OD matrices for normal day as the prior OD in the estimation,
and it is shown that the estimation performances are im-
proved. In overall, there is a good matching between the ob-
served and modeled link ﬂows, and therefore, the estimated
OD is reliable for further analysis. The results of the analysis
also illustrate that there are very different trafﬁc patterns dur-
ing the event for the links leading to and from the city centre.
This is helpful for the associated department or trafﬁc plannerto identify the situation with limited trafﬁc counting data.
However, the planner should be careful when using the results,
which maybe useful for a short term basis. When the overall
land use pattern or network conﬁguration are changed in the
future, the basic travel demand will also change and, therefore,
the estimated OD may not be directly applicable for the plan-
ning of the event next year. The year-to-year variations of the
normal day trafﬁc pattern also need to be calibrated and up-
dated and the proposed procedure can be used as a
supplementary.
Using the estimated OD matrices, network analysis can be
used to evaluate various trafﬁc control and management issues
for planning special events. For example, the topics, such as
access restrictions, parking limitations and diversions of pri-
vate vehicles, public transport provisions and evacuation
schemes for event participants can be investigated, which are
some directions for further research. The presented methodol-
ogy in a static approach is useful to assist the trafﬁc planning
for special events, which are organized annually. Continuous
investigations over years are needed for data collection and
veriﬁcation of the results. It is noted that the current approach
cannot be used for dynamic trafﬁc operation and management
purposes, which requires real-time trafﬁc data from surveil-
lance system around the event areas. This could be a research
direction of trafﬁc modeling and simulation for special events.
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